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PAPER

A Real-Time Monitoring and Analysis Model for Regional 
Economic Activities Based on Mobile Computing

ABSTRACT
With the rapid advancement of the digital economy, the dynamic and complex nature of 
regional economic activities has posed significant challenges to traditional low-frequency sta-
tistical monitoring methods. Mobile computing, with its capability to capture high-frequency 
and multi-source data, offers a promising new approach for real-time monitoring. However, 
current research still faces several limitations: low integration efficiency of heterogeneous 
data sources, insufficient fusion of spatiotemporal features, and significant interference from 
noise. Traditional statistical models, reliant on low-frequency sampled data, often suffer from 
lag and sampling bias. Although machine learning methods have improved predictive accu-
racy, models such as long short-term memory (LSTM) lack the ability to capture spatial het-
erogeneity; conventional denoising algorithms struggle to handle complex noise patterns; and 
many studies fail to fully explore the spatiotemporal coupling of economic activity. To address 
these issues, this study proposes a real-time monitoring and analysis model for regional 
economic activities based on mobile computing. The model consists of five core modules: 
(1) a data acquisition and preprocessing module for real-time integration and outlier detec-
tion across multiple data sources; (2) a denoising module based on the rime ice optimization 
(RIME) algorithm, which enhances robustness against noise through soft frost search and 
hard frost penetration mechanisms; (3) a spatial feature extraction module using graph atten-
tion networks (GAT) to model inter-regional economic relationships and capture spatial spill-
over effects; (4) a temporal feature extraction module based on LSTM to uncover long-term 
temporal dependencies; and (5) a prediction output module that fuses spatial and temporal 
features for accurate forecasting of economic activities. The innovation of this model lies in 
its optimized denoising process through the RIME algorithm and the deep integration of spa-
tiotemporal features via GAT-LSTM. It supports real-time data input and dynamic prediction, 
providing an intelligent tool that transforms regional economic governance from “post-event 
analysis” to “real-time perception.” This contributes to more precise policymaking and more 
efficient resource allocation.
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1	 INTRODUCTION

With the rapid development of the digital economy, the dynamics and com-
plexity of regional economic activities [1–3] have significantly increased, and tra-
ditional monitoring methods based on sampling surveys and statistical reports 
[4–6] can no longer meet the demands for real-time and refined management. The 
widespread application of mobile computing technology [7–10] provides a new 
path to break through this bottleneck. High-frequency data collected through ter-
minals such as smartphones and IoT devices [11, 12] can reflect the microscopic 
dynamics of regional economic activities in real time, providing a data basis for 
constructing dynamic monitoring systems. For example, traffic flow data has a 
correlation of over 60% with regional GDP, and consumption data generated by 
mobile devices [13, 14] can track commercial activity in real time. However, how to 
efficiently integrate multi-source heterogeneous data, accurately extract economic 
activity features, and achieve intelligent prediction remains a key challenge in cur-
rent research.

Existing research methods have significant deficiencies when processing regional 
economic activity data. Traditional statistical models rely on low-frequency sampled 
data, which makes it difficult to capture instantaneous changes in economic activi-
ties, and suffer from data lag and sampling bias problems [15, 16]. Although machine 
learning methods have improved prediction accuracy, they face challenges of data 
noise interference and insufficient fusion of spatiotemporal features. For example, 
LSTM models [17] lack the characterization of spatial heterogeneity when process-
ing time series data, and traditional denoising algorithms cannot effectively remove 
mixed noise in complex economic data. In addition, most existing studies focus on 
feature extraction from a single dimension and fail to fully explore the spatiotempo-
ral coupling relationships of economic activities. For example, the model based on 
traditional statistical methods proposed in literature [18] has data lag problems, and 
the research in literature [19] shows that existing machine learning models have 
limitations in handling spatial heterogeneity.

To address the above problems, this paper proposes a real-time monitoring 
and analysis model for regional economic activities based on mobile computing. 
The model contains five core modules: (1) data acquisition and preprocessing 
module, which collects multi-source data in real time through mobile terminals 
and IoT devices, and performs format unification and outlier detection; (2) data 
denoising module based on the RIME algorithm, which effectively removes 
noise in data while preserving key information by using the algorithm’s soft 
frost search strategy and hard frost penetration mechanism; (3) spatial feature 
extraction module based on GAT, which models economic associations between 
regions and captures spatial spillover effects and local agglomeration charac-
teristics; (4) temporal feature extraction module based on LSTM, which mines 
long-term dependencies of economic activities through its gating mechanism; 
(5) prediction output module, which integrates spatiotemporal features to gen-
erate economic activity prediction results. The innovation of this model lies in 
three aspects: first, the data denoising process is optimized by the RIME algo-
rithm, significantly improving the model’s robustness to noisy data, especially 
suitable for high-frequency data processing scenarios in mobile computing; sec-
ond, the combination of GAT and LSTM achieves deep fusion of spatiotempo-
ral features of economic activities, enabling more accurate characterization of 
the dynamic evolution patterns of regional economy; finally, the model supports 
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real-time data input and prediction output, which can be applied in economic 
monitoring, policy evaluation, and other scenarios to provide intelligent tools for 
regional economic governance.

2	 THE REAL-TIME MONITORING AND ANALYSIS 
MODEL OF REGIONAL ECONOMIC ACTIVITIES BASED 
ON MOBILE COMPUTING

Fig. 1. Schematic diagram of data acquisition and preprocessing module

The model is constructed based on mobile computing technology, collecting multi-
source heterogeneous data in real time through terminals such as smartphones and 
IoT devices, including location trajectories, consumption records, traffic flow, etc., 
forming high-frequency dynamic regional economic activity data sequences. Firstly, 
in the data acquisition and preprocessing module, the raw data are unified in for-
mat, outliers are filtered, and spatial gridding is performed to convert economic 
activity nodes in geographic space into graph-structured data. Regional units serve 
as nodes, and relationships such as population flow, logistics, and capital flow serve 
as edges, constructing a graph network that reflects regional economic connections 
and provides structured input for subsequent spatial feature extraction. Figure 1 
presents a schematic diagram of the data acquisition and preprocessing module. 
To address the drawback of traditional variational mode decomposition (VMD) 
requiring manual parameter tuning, the model introduces the RIME algorithm to 
automatically optimize the decomposition level and penalty factor of VMD. Using 
envelope entropy minimization as the fitness function, through the iterative mech-
anisms of soft frost search and hard frost penetration, the optimal decomposition 
parameters are determined in one step, avoiding errors from manual intervention 
and achieving efficient denoising of noisy data. This lays a clean data foundation for 
spatiotemporal feature extraction. In the spatial feature extraction stage, the model 
improves upon the limitations of the traditional graph convolutional network (GCN) 
by employing GAT. Through the attention mechanism, neighbor nodes are assigned 
differentiated weights, accurately capturing asymmetric economic activity asso-
ciations and local agglomeration effects among regions—for example, identifying 
the radiation driving effect of core regions on surrounding areas or the resource 
dependency of peripheral regions—thus compensating for GCN’s limitation of equal 
weighting when characterizing spatial dynamic correlations. Temporal feature 
extraction relies on the LSTM, which utilizes its gating mechanism to mine long-term 
dependencies in economic activity time series data, such as periodic fluctuations 
and trend changes. Figure 2 presents a schematic diagram of the spatiotemporal 
feature extraction in the model. Finally, through the prediction output module,  
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spatial spillover features extracted by GAT and temporal evolution patterns captured 
by LSTM are fused to construct a spatiotemporally coupled dynamic analysis model, 
realizing real-time monitoring and predictive forecasting of regional economic 
activities. This framework leverages the high-frequency data collection capability of 
mobile computing and the spatial modeling advantages of graph neural networks 
to form a full closed loop process of “data acquisition—noise optimization—
spatiotemporal feature fusion—intelligent prediction.” It not only overcomes the 
low-frequency lag limitation of traditional methods but also enhances the model’s 
ability to analyze complex economic systems through automated parameter optimi-
zation and attention mechanisms, providing real-time and precise decision support 
for regional economic governance.

Fig. 2. Schematic diagram of spatiotemporal feature extraction in the model

2.1	 RIME algorithm

The introduced rime algorithm consists of four stages:
Stage one: Fitness function definition and rime ice population initialization
The model first constructs a fitness function centered on envelope entropy, 

aiming to minimize the local envelope entropy of intrinsic mode functions (IMF) 
components obtained from VMD, thereby quantifying the degree of separation 
between noise and features in the data. Envelope entropy, as a sparsity indicator, 
effectively reflects the noise level in IMF components. When a component contains 
more noise, signal sparsity is weak, and envelopes entropy value is large; conversely, 
feature-dominant components exhibit strong sparsity and smaller entropy values. 
Based on this, the algorithm initializes a population composed of v rime ice agents, 
each agent containing f-dimensional rime ice particles corresponding to critical 
parameter combinations of VMD, forming an initial coverage of the parameter space 
to provide a search basis for subsequent optimization. Assuming the normalized 
form of x(u) is represented by ou, the envelope signal obtained by Hilbert demodula-
tion of the signal x(u) is represented by x(u), the number of sampling points is V, the 
envelope entropy expression of signal x(u) is:
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Assuming the entire rime ice population is E, the population consists of v rime 
ice agents Tu, each agent composed of f rime ice particles auk. The ordinal number of 
the rime ice agent is denoted by u, and the ordinal number of the rime ice particle is 
denoted by k. The expressions are:
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Stage two: Soft Frost search mechanism—global exploration under weak wind 
conditions

This stage simulates the random diffusion of rime ice particles in a weak wind 
environment to achieve global search in the parameter space. The particle posi-
tion update formula introduces random variable e1 and dynamic angle φ, enabling 
adaptive adjustment of the particle movement direction during the iteration pro-
cess. Combined with the step function model of environmental factor β, it bal-
ances the randomness and directionality of the search. This mechanism covers 
the parameter space broadly, avoiding local optima, and is especially suitable for 
the complex noise characteristics of multi-source heterogeneous data in mobile 
computing scenarios, ensuring the algorithm can capture potential high-quality 
parameter combinations in the initial stage. Specifically, assuming the best rime 
ice agent’s k-th particle in the population E is represented by EBE, random number 
g is used to balance the center distance between two particles, and Iyuk and Myuk 
represent the upper and lower bounds of the escape space, respectively, then the 
updated new position E

uk

NE of the rime ice particle under weak wind conditions 
is given by:

	 E E j e COS g Iy My My e R
uk

NE

BE uk uk uk
� � � � � � � � �

1 2
� � ( ( ) ), 	 (4)

The mathematical expression of φ is given by:
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In the soft frost search strategy, the parameter [ ] represents rounding, and 
parameter μ is used to adjust the number of steps in the step function. The parameter 
α simulates the influence of the external environment, expressed as:
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The attachment coefficient R and random number e2 jointly control the update of 
the particle position. The mathematical expression of R is:

	 R s S= ( / ) 	 (7)
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Stage three: Hard frost penetration mechanism—local refinement under strong 
wind conditions

This stage simulates directional growth of particles under strong wind condi-
tions, promoting information exchange between ordinary agents and the current 
best agent to improve parameter optimization accuracy. The algorithm guides par-
ticles to approach the position of the historical best solution, enhancing local search 
capability and conducting refined exploration in the neighborhood of the prelimi-
narily locked high-quality parameters. This combination of “global exploration-local 
refinement” retains global space coverage ability while deepening the mining of 
optimal parameters, effectively solving the problem of incomplete noise removal 
caused by manual parameter tuning in VMD, and providing high-quality data with 
low noise interference for subsequent spatiotemporal feature extraction modules. 
Specifically, assuming the normalized fitness value of the current agent is repre-
sented by DNO(Tu), a random number e3 in the range (-1, 1), the replacement equation 
for particle position under strong wind conditions is given by:
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Stage four: Forward greedy selection mechanism—iterative optimization and 
convergence determination

This stage uses a greedy strategy to compare the fitness values before and after 
particle updates. If the new solution’s envelope entropy is smaller, the parameter 
combination and fitness value of the current agent are replaced, ensuring the 
algorithm always iterates towards better solutions. This mechanism continuously 
filters high-quality solutions and gradually converges to the globally optimal param-
eter combination, which is finally applied to the VMD algorithm to realize adap-
tive decomposition of the original time series data. This process requires no manual 
intervention and relies on the high-frequency data processing capability of mobile 
computing to automatically achieve efficient separation of noise and features, laying 
a clean data foundation for subsequent spatiotemporal feature analysis based on 
graph neural networks, and significantly improving the model’s accuracy in analyz-
ing the dynamic evolution of regional economic activities.

2.2	 GAT

In monitoring regional economic activities, multi-source data collected by mobile 
computing are first converted into initial node feature vectors gu, constructing a 
graph structure containing geographic spatial units, where nodes represent regional 
units and edges represent economic associations. To capture nonlinear feature rela-
tionships, a shared linear transformation Q is applied to each node, mapping orig-
inal high-dimensional features to a low-dimensional space Qg



, achieving feature 
dimensionality reduction and spatial alignment. These operations not only reduce 
computational complexity but also provide a unified feature representation basis for 
the subsequent attention mechanism, suitable for fusion processing of multi-source 
heterogeneous data in mobile computing scenarios. For example, consumption data 
and traffic data at different scales can be mapped into the same feature space, facil-
itating the mining of implicit economic associations between regions. Specifically, 
assuming the importance of node k to node u is represented by ruk, and any differen-
tiable function is denoted by ∂( ), for all neighbor nodes k of the target node u:

	 r Qg Qg
uk u k
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	 (9)
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Fig. 3. Schematic diagram of node representation and update process under GAT

The attention coefficients ruk between nodes are calculated through a single-layer 
feedforward neural network and the LeakyReLU activation function. This process 
explicitly models the feature interactions between the target node u and its neigh-
bor nodes k, distinguishing the importance of different neighbors. For example, 
neighbor nodes of economic center regions receive higher attention weights. The 
negative slope property of LeakyReLU avoids the “dying neuron” problem, ensuring 
that weak connection features can still be effectively captured in sparse economic 
association scenarios, improving the model’s adaptability to unbalanced regional 
economic networks. Figure 3 shows the schematic diagram of node representation 
and update process under GAT. Assuming a v-dimensional column vector is repre-
sented by Qg



, the mathematical expression of ruk is:

	 r LeakyRELU x Qg Qg
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To make attention weights comparable across nodes, the softmax function is 
used to normalize ruk, resulting in the normalized weight βuk, which reflects the 
contribution of neighbor node k to the feature update of target node u. In the feature 
aggregation stage, the normalized weights are multiplied by the corresponding 
transformed features of neighbor nodes and summed to generate the aggregated 
features of the target node. This process effectively fuses the spatial local correla-
tion of regional economic activities, for example, by assigning neighbor weights to 
business district nodes to accurately capture the radiation effect of core business 
districts on surrounding retail outlets, providing structured feature support for real-
time monitoring of commercial activity. Assuming the set of all neighbor nodes is 
represented by Vu, the mathematical expression of βuk is:
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Multiplying βuk by the corresponding neighbor node features Qg


, then summing 
and finally applying a softmax ( ) function, generates the aggregated feature vector 


g
u
 for each node:
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To address the sparsity problem of node features in complex graph structures, 
a multi-head attention mechanism executes multiple attention calculations in paral-
lel, generating multiple differentiated weight matrices, which are finally integrated 
through concatenation or averaging into the final features. This mechanism iteratively 
updates node features multiple times, progressively strengthening the influence of 
key neighbors and suppressing noisy associations. For example, when identifying 
industrial clusters, multiple iterations more accurately capture the weight differ-
ences between upstream and downstream industry chain nodes. Through cyclic 
aggregation and update operations, the model can adapt to the dynamic evolution 
of regional economic networks, ensuring node features continuously converge with 
real-time data input and providing stable and spatially semantic-rich input data for 
subsequent temporal feature analysis combined with LSTM, ultimately achieving 
deep analysis of spatiotemporal coupling features of regional economic activities. 
Figure 4 shows the schematic diagram of node representation and update process 
under multi-head GAT. Assuming the output weights of each node are represented 
by 


g
u

v, the number of adjacent nodes of node u is Vu, the attention mechanism weights 
after calculation are represented by β

uk

j , the nonlinear activation function is denoted 
by δ, and the number of iterations is v. The following formula gives the expression 
of node representation and update process under multi-head GAT when the number 
of iterations is 3:
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Fig. 4. Schematic diagram of node representation and update process under multi-head GAT
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3	 EXPERIMENTAL RESULTS AND ANALYSIS

From the comparison data of different optimization algorithms in Table 1, it can 
be seen that the RIME algorithm used in this paper shows significant advantages in 
the model’s data denoising module. Compared with PSO and WOA, RIME has a VMD 
level of 6, a penalty factor of 1125, and a training time of only 1568, significantly 
improving the efficiency and accuracy of data preprocessing. This optimization 
result indicates that RIME, through the soft frost search and hard frost penetration 
mechanisms, can more efficiently and automatically optimize VMD parameters, 
effectively removing noise from multi-source economic data collected by mobile 
computing and providing clean, high-quality input data for subsequent spa-
tial feature extraction based on GAT and temporal feature extraction based on 
LSTM networks.

From the comparison of overall model evaluation metrics in Table 2, it can be 
seen that after adopting the RIME algorithm, the proposed model significantly out-
performs the PSO and WOA algorithms in prediction accuracy. Specifically, the RMSE 
(0.0826), MAE (0.0612), and MAPE (0.2235) corresponding to RIME are the smallest 
values. RMSE decreases by 6.77% compared to PSO and 3.28% compared to WOA; 
MAE decreases by 14.43% compared to PSO and 6.28% compared to WOA; MAPE 
decreases by 12.21% compared to PSO and 3.46% compared to WOA. This result 
indicates that the RIME algorithm, through the soft frost search and hard frost pen-
etration mechanisms, efficiently optimizes VMD parameters and greatly improves 
data denoising effectiveness, laying a clean data foundation for subsequent spa-
tiotemporal feature extraction. Experimental data intuitively demonstrate that the 
data denoising module optimized by RIME and the spatiotemporal feature fusion 
mechanism of GAT-LSTM jointly improve the model’s prediction accuracy, enabling 
more accurate reflection of dynamic changes in regional economic activity moni-
toring. Compared with PSO and WOA, RIME’s advantages in parameter optimiza-
tion efficiency and noise handling precision directly translate into overall model 
performance improvement, validating the scientific nature of the “data acquisition- 
denoising optimization-spatiotemporal feature fusion-prediction output” architec-
ture proposed in this paper.

Table 1. Comparison of optimization effects of different algorithms

Algorithm Name VMD Level Penalty Factor Training Time

PSO 3 1896 2159

WOA 9 1136 2234

RIME 6 1125 1568

Table 2. Comparison of overall model evaluation metrics using different optimization algorithms

Algorithm Name RMSE MAE MAPE

PSO 0.0886 0.0715 0.2546

WOA 0.0854 0.0653 0.2315

RIME 0.0826 0.0612 0.2235

From the comparison of model evaluation metrics over six iterations shown 
in Figure 5, it can be seen that as the number of iterations increases, the model’s 

https://online-journals.org/index.php/i-jim


	 58	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 18 (2025)

Ren

prediction errors show a clear downward trend. Specifically, in the 1st iteration, 
MAPE is 0.8377, MAE is 0.1415, RMSE is 0.1757, indicating large errors that reflect 
insufficient noise removal and inadequate spatiotemporal feature fusion in the ini-
tial data; by the 6th iteration, MAPE decreases to 0.7025, MAE to 0.12, and RMSE 
to 0.1452, with significant error reduction. The 4th iteration yields the lowest error. 
This validates that the model proposed in this paper relies on the high-frequency 
data collection of mobile computing, optimizes data preprocessing through the 
RIME algorithm, and combines deep fusion of spatiotemporal features via GAT-
LSTM, achieving high-precision real-time monitoring and analysis of regional 
economic activities through multiple iterative cycles. Compared with lower iteration 
counts, the model after multiple iterations shows qualitative improvements in noise 
processing, spatiotemporal feature characterization, and prediction accuracy, better 
reflecting the dynamic evolution of regional economic activities.

Fig. 5. Comparison of model evaluation metrics over 1 to 6 iterations

Table 3. Ablation study evaluation metrics of the model

Region Model RMSE MAE MAPE

1 Traditional GCN without VMD 0.5741 0.4325 2.7451

Without VMD 0.5623 0.4123 2.7568

Traditional VMD 0.1236 0.1125 0.6523

Overall Model 0.1125 0.0785 0.4752

2 Traditional GCN without VMD 0.3785 0.2756 1.2356

Without VMD 0.3652 0.2755 1.2586

Traditional VMD 0.1325 0.0986 0.4452

Overall Model 0.0985 0.0735 0.3256

(Continued)
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Region Model RMSE MAE MAPE

3 Traditional GCN without VMD 0.3845 0.2651 1.1256

Without VMD 0.3526 0.2542 1.1245

Traditional VMD 0.0985 0.0723 0.3569

Overall Model 0.0823 0.0612 0.2234

From the ablation study data in Table 3, it is evident that the overall model 
proposed in this paper significantly outperforms various ablation models in pre-
diction error metrics across the three regions, fully validating its effectiveness. 
Taking region 1 as an example, the overall model’s RMSE (0.1125), MAE (0.0785), 
and MAPE (0.4752) decrease by 80.4%, 82.0%, and 82.7% respectively, compared to 
the “Traditional GCN without VMD” model; decrease by 80.0%, 81.6%, and 82.4% 
compared to the “Without VMD” model; and decrease by 9.0%, 30.3%, and 27.2% 
compared to the “Traditional VMD” model. The comparison data of regions 2 and 3 
show a consistent trend; for example, in region 2 the overall model RMSE is 0.0985, 
which is 74.0% lower than the “Traditional GCN without VMD” model, and in 
region 3 the RMSE is 0.0823, a 78.6% decrease. This result indicates that: first, the 
VMD denoising module based on the RIME algorithm efficiently removes noise from 
multi-source data collected by mobile computing through automatic parameter 
optimization, laying a clean data foundation for subsequent spatiotemporal feature 
extraction; second, the spatial feature extraction module based on GAT accurately 
models regional economic associations via the attention mechanism, enhancing 
the capture of spatial spillover effects and local agglomeration features; finally, the 
LSTM temporal feature extraction and spatiotemporal fusion prediction output mod-
ule effectively mines the long-term dependencies of economic activities, and after 
deep fusion with GAT spatial features, achieves high-precision prediction of regional 
economic activities. Experimental data further validate the synergistic effect of the 
model’s modules: RIME-optimized denoising ensures data quality, and GAT-LSTM 
fused spatiotemporal features enhance the model’s generalization capability, both of 
which are indispensable.

From the fitting data comparison in Figure 6, it can be seen that the fit between 
the optimized model’s prediction results and the real data is significantly higher 
than that before optimization, strongly proving the effectiveness of the model pro-
posed in this paper. Regarding the fluctuation trend of the time series, the red curve 
before optimization shows obvious deviation from the real data, while the optimized 
curve almost coincides with the blue curve. Especially at the peaks and troughs in the 
time interval 20–30, the green curve accurately matches the real data values of 24.6 
and 22.4, with minimal error. Experimental data show that the model achieves high- 
precision real-time monitoring and prediction of regional economic activities by 
combining RIME-optimized denoising and GAT-LSTM fused spatiotemporal features. 
The comparison of fitting before and after optimization intuitively demonstrates 
the model’s significant advantages in noise processing and spatiotemporal feature 
capture: the red curve before optimization deviates from the real data by about 
0.5–1.0 units, whereas the green curve after optimization shows almost no devia-
tion, indicating that the model effectively solves the defects of traditional methods in 
noise interference and spatiotemporal feature separation and can more accurately 
reflect the real-time dynamics of regional economic activities.

Table 3. Ablation study evaluation metrics of the model (Continued)
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Fig. 6. Real-time monitoring and analysis data fitting of regional economic activities at different stages

4	 CONCLUSION

This paper addressed the complexity and dynamics of real-time monitoring of 
regional economic activities in mobile computing scenarios, constructing an inte-
grated five-module model including data acquisition and preprocessing, RIME-
optimized denoising, GAT spatial feature extraction, LSTM temporal feature mining, 
and prediction output. The study solved the defects of traditional VMD manual 
parameter tuning through the soft frost search and hard frost penetration mech-
anisms of the RIME algorithm, automatically optimizing the decomposition levels 
and penalty factors by minimizing envelope entropy, significantly enhancing noise 
robustness of multi-source heterogeneous data; using GAT’s attention mechanism 
to assign differentiated weights to regional nodes, accurately capturing spatial 
spillover effects and compensating for the equal weight defect of traditional GCN 
in modeling spatial dynamic correlations; combining LSTM’s gating mechanism to 
mine long-term dependencies in time series, achieving deep fusion of economic 
activity spatiotemporal features and real-time prediction. Experimental results 
show the model performs significantly well in multi-regional economic activity 
monitoring, such as the high fit between optimized prediction curves and real data, 
validating the scientific nature of the full-process architecture “data acquisition—
denoising optimization—spatiotemporal fusion—intelligent prediction,” providing 
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intelligent tools for regional economic governance from “post-event analysis” to 
“real-time perception,” and possessing important application value for improving 
policy accuracy and resource allocation efficiency.

Although this study achieves breakthroughs in noise handling and spatiotempo-
ral feature fusion, its limitations mainly include: (1) dependence on mobile comput-
ing data may lead to insufficient data coverage in peripheral regions, affecting the 
model’s generalizability in economically underdeveloped areas; (2) the deep network 
structure of GAT-LSTM requires high computational resources, and real-time perfor-
mance optimization still needs improvement; and (3) exogenous variables such as 
policy shocks and sudden events are not fully considered in their impact on economic 
activities. Future research can expand in the following directions: (1) introduce cross-
modal data fusion technology to compensate for the limitations of single mobile data 
and enhance the model’s capability to analyze complex economic systems; (2) explore 
lightweight neural network architectures combined with edge computing technology 
to improve real-time monitoring efficiency; (3) incorporate causal inference mecha-
nisms to quantify causal relationships between policy interventions and economic 
activities, promoting the model’s deep extension from “monitoring and analysis” to 
“decision support.” In addition, further validation of the model’s adaptability at dif-
ferent spatiotemporal scales can provide theoretical and methodological support for 
building multi-level, multi-dimensional regional economic monitoring systems.
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